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Target Vehicle Detection Algorithm Based on UAYV Infrared Imagery
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Abstract: To address the limited detection accuracy of vehicles in UAV-based infrared imagery, this paper proposes an improved YOLOv8n
algorithm, referred to as YOLOv8n-LMS (YOLOv8n with Local-aware Attention, Multi-scale Feature Fusion, and Small Target Optimiza-
tion). First, a Local Region Self—Attention (LRSA) mechanism is introduced into the backbone network of YOLOv8n, leading to the construc-
tion of the C2{~LRSA module, which enhances local feature extraction capabilities. On this basis, a Multi-scale Edge—enhanced Upsampling
Module (MEUM) is designed to effectively fuse multi-scale edge information with main—branch features, thereby enriching the semantic rep-
resentation of the output feature maps. Additionally, a P2 detection layer is incorporated to exploit high—resolution shallow features, signifi-
cantly improving the detection accuracy for small objects. Experiments are conducted on a publicly available UAV infrared vehicle detection
dataset. The results demonstrate that the proposed YOLOv8n—LMS achieves notable performance improvements over the baseline YOLOvS8n.
Specifically, it attains an mAP@0.5 of 92.4%, representing a 0.6 percentage point increase, and an mAP@0.5:0.95 of 58.5%, showing a 1.6
percentage point improvement. These results clearly validate the effectiveness of the proposed method in enhancing detection precision and
generalization ability, particularly in challenging scenarios involving small targets in UAV infrared imagery.
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